Background We developed an estimation equation of EuroQol EQ-5D index scores from the Healthy Days measures of the Centers for Disease Control and Prevention for use in burden of disease and cost-effectiveness studies in population subgroups. This study estimated EQ-5D scores, quality-adjusted life years (QALYs) and quality-adjusted life expectancy (QALE) for the USA and the individual states.
Introduction
Although the two overarching goals of Healthy People 2010 by the US Department of Health and Human Services are to increase the quality and years of healthy life and to eliminate the health disparities among the US population, 1 these goals do not have specified quantitative targets. 2 In order to reach these goals and set priorities for prevention in a given population, policy-makers should be able to quantify the burden of disease contributed by modifiable risk factors that strongly impact health. By using a preference-based health-related quality of life (HRQOL) measure (utility value) of morbidity, quality-adjusted life years (QALYs) may be calculated, thus enabling burden of disease and costeffectiveness analyses to be conducted. 3 Prior to 2000, the burden of disease due to a given risk factor or condition and cost-effectiveness of interventions were unable to be examined for the US general population due to the lack of a data set that contained health utility scores for a representative sample of the population. included the EuroQol EQ-5D, a QALY compatible and preference-based instrument. 4 Muennig et al. 5, 6 estimated the burden of disease attributable to obesity/overweight and low income in the general US population using EQ-5D scores from the 2000 MEPS. Although the MEPS generated important information for the US population, the Survey was designed to provide estimates for the entire nation and not for individual states. In addition, because the MEPS only included the EQ-5D between 2000 and 2003, trends over time cannot be examined. For example, in 2000 and 2005 the burden of obesity shifted toward the southern and eastern regions 7 while geographic trends in smoking also have been noted. assess respondents' HRQOL. 9 Unlike the MEPS, the BRFSS was designed to provide reliable state-level estimates and estimates for some substate areas, or detailed annual and monthly estimates for large geographic areas. 9 -11 However, because the Healthy Days measures are not utility scores, they cannot be used to calculate QALYs directly.
Many investigators have proposed estimating preferencebased scores from non-preference-based measures to reduce respondent burden in primary data collection and take advantage of existing data and conduct analyses that previously were unable to be done. 12 -15 We recently developed an estimation equation of the EQ-5D scores from the Healthy Days measures to generate utility scores that might be used in burden of disease and cost-effectiveness studies at the state and substate levels. 16, 17 At the same time, the National Health Measurement Study (NHMS) administered a number of common measures of HRQOL, including the Healthy Days measures and EQ-5D, to a sample of US adults. 18 The following investigation expands on our previous work. In particular, we used (i) the NHMS data to validate our previously constructed EQ-5D estimation; 17 (ii) the BRFSS data to obtain reliable estimates of the EQ-5D scores for the general US population and for all states; (iii) the BRFSS data to calculate annual QALYs lost contributed by selected health behaviors (obesity/overweight, smoking), sociodemographics (low income), and chronic diseases (having asthma, hypertension, diabetes, heart disease, or stroke); and (iv) the BRFSS and mortality data to calculate quality-adjusted life expectancy (QALE) for the general US population and the percentage of QALEs lost contributed by these risk factors. For this study, we estimated annual QALYs lost (as opposed to both QALYs lost in 1 year and future QALYs lost due to premature deaths) since we were unable to account for excess deaths contributed by a given risk factor in 1-year age intervals and states.
Methods

Data and measurements
Data were from the 2000 -2003 BRFSS, a state-based survey of representative samples of non-institutionalized civilian adults from each of the 50 states and the District of Columbia. 10, 19 The BRFSS asked respondents to report the number of physically and mentally unhealthy days during the past 30 days. The overall unhealthy days was calculated by adding physically and mentally unhealthy days, with a logical maximum of 30 unhealthy days. 9 During 2005 -2006, the NHMS administered both the Healthy Days measures and EQ-5D to a sample of 3844 US residents between the ages of 35 and 89 years. 18 This data set provided a rare opportunity for the direct validation of the previously developed estimation equation of EQ-5D scores from the Healthy Days measures. 17 State-level mortality data (by age and gender) were used to construct life tables for each of the 50 states and District of Columbia (http://wonder.cdc.gov).
Definitions
QALYs are defined using preference-based HRQOL scores (e.g. EQ-5D index), which provide an assessment of the burden of disease associated with morbidity. 20 The EQ-5D index uses summary scores with anchors at 0 (death) to 1 ( perfect health) that represent population preferences for different health states. Thus, 1 year of life lived at an EQ-5D index value of 0.8 is equal to 0.8 QALY. Similarly, QALEs are defined as the product of expected life years and the EQ-5D index score. 5, 6, 20 The QALYs lost contributed by a risk factor includes the QALYs lost due to morbidity in 1 year and the future QALYs lost in the expected life years due to excess deaths. 5, 6, 20 Although the total excess deaths contributed by some risk factors might be available for the entire US population, such data by 1-year age intervals and states were not available. Therefore, we estimated only the annual QALYs lost (to morbidity).
Estimation and validations of the EQ-5D
We constructed EQ-5D scores from the Healthy Days measures by matching cumulative distributions of the two measures. 17 The equation predicts respondents' EQ-5D scores based on their number of overall unhealthy days, selfrated health status and age category. For example, the average EQ-5D index for a 30-year-old person who reports three overall unhealthy days and 'good' self-rated health is 0.841. 17 For comparison purposes, we developed a regression-based estimation equation of EQ-5D scores by minimizing the sum of the squared errors in the NHMS data.
We applied the estimation equations to obtain EQ-5D scores for respondents in the BRFSS to calculate mean EQ-5D scores at different levels of examined risks for the states. The validity of the estimated EQ-5D scores was examined in two ways. First, we conducted an individual level comparison of estimated and observed EQ-5D scores in the NHMS data. Second, we conducted an ecologic comparison of mean estimated and observed EQ-5D scores across particular US population subgroups. The meanestimated EQ-5D scores were calculated using the estimated EQ-5D scores from the BRFSS. The mean observed EQ-5D scores were calculated using actual EQ-5D scores from the MEPS. Since both the MEPS and the BRFSS were designed to provide reliable estimates for US adults, closely matched group mean scores from the two sources would indicate good validity of the estimated EQ-5D. 16 The ecologic comparison using US representative samples also tested the generalizability of both models. In ecologic comparison, we are unable to compare mean EQ-5D scores by different income categories because the MEPS did not use the actual annual household income (it used the income to the poverty level ratio).
QALY
The total annual QALYs were defined as the product of the EQ-5D score and population. 5, 6 For the state-to-state comparisons, we used the proportion of the population to calculate QALYs, which can be converted to total QALYs by multiplying the state adult populations. The annual QALYs lost contributed by a risk factor, defined as the potential annual QALYs that would be gained if those at risk had a risk that was equal to the reference group, was calculated by
where x ij 0 and x ij k are the average EQ-5D scores of the reference group and for the k th level of the risk factor, respectively, for age i and gender j ; and p ij k is the proportion of the population in the same age -gender category and risk level k. The proportion of explainable annual QALYs lost contributed by the risk factor is P
The denominator is the potential annual QALYs that would be gained if the entire population had perfect health (i.e. EQ-5D score ¼ 1).
QALE
Life tables (in 1-year age intervals) were constructed using US and state mortality data. 21 Let A i be the number of the population surviving to age i and B i be the life years between age i and i þ 1. We assumed that those who died during a 1-year interval lived an average of one-half of a year. Let m i be the mortality rate at age i, thus B i ¼ (1 2 m i / 2)A i . 21 The life expectancy (LE) at age i is the total life years above age i divided by the population surviving to age i : 20 Since the QALYs at age i is B i x i , the QALE at age i is
The QALE lost contributed by a risk factor is
Similar to the proportion of explainable QALYs lost, we calculated the proportion of explainable QALE lost contributed by the risk factor by dividing the QALE lost by the potential QALEs that would be gained if the entire population had perfect health:
We calculated QALYs and QALE lost contributed by obesity/overweight (compared with normal weight, e.g. body mass index (BMI) of 18.5 -, 25 kg/m 2 ), smoking (compared with not current smokers), low income (compared with annual household income !US$50 000), and having asthma, hypertension, diabetes, heart disease or stroke (compared with not having any of these conditions) at the state level.
Results
We began our analyses by examining the validity of our estimated EQ-5D scores. Model 1 estimates were obtained by Jia and Lubetkin, 17 where EQ-5D scores were estimated based on overall unhealthy days, self-rated health and age. Model 2 estimates were obtained through the regression of the NHMS data and used the same predictors as Model 1. For the individual-level comparisons, we calculated goodness-of-fit in the NHMS data. Model 1 had a slightly lower R-squared value than Model 2 (0.424 and 0.429, respectively) and both the models had the same root of mean square error (0.116). Table 1 presents the ecologic comparison of meanestimated and observed EQ-5D scores. The overall mean of estimated EQ-5D index scores from Model 1 was 0.872, which was very close to the mean of the actual score (0.871). The mean-estimated score from Model 1 was close to the mean observed score in most of the subgroups examined. The average difference between estimated and actual mean scores was 0.014 points in the 39 groups examined. Model 2 slightly underestimated the overall mean (0.865) and the average difference between estimated and actual mean scores was 0.025 in the groups examined. In particular, Model 2 underestimated mean scores for younger and healthier persons and overestimated mean scores for older and sicker persons. Adjusted for age and sex.
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Since Model 1 provided more accurate estimated mean scores of EQ-5D in the US general population, the remaining analyses using estimated EQ-5D scores were based on this model. Table 2 presents the mean EQ-5D scores and the proportion of explainable annual QALYs lost contributed by selected risk factors for the USA and individual states. Viewing individual states, Hawaii and West Virginia had the highest and lowest mean EQ-5D scores (0.901 and 0.822, respectively).
Although the percentage of annual QALYs lost contributed by the specific risk factors differed by a magnitude of 2-to 3-fold between the highest and lowest states, the contribution of the risk factors was fairly stable. Specifically, income tended to contribute the greatest percentage to lost QALYs, followed by selected chronic diseases, obesity/overweight and smoking. Smoking contributed over 12% of QALYs lost in Kentucky and Alaska, but only 5.6% in Utah. Obesity/overweight contributed over 13% of QALYs lost in Louisiana, District of Columbia and Tennessee, but only 5.4% in South Dakota. Low income contributed over 39% of QALYs lost in South Carolina, Kentucky and Alabama, but less than 20% in Hawaii and Minnesota. Chronic diseases contributed over 22% of QALYs lost in Tennessee and Arkansas but only 8.7% in Minnesota. Overall, the four risk factors contributed the highest proportion of QALYs lost in Tennessee, South Carolina and Kentucky, and the least in Utah, Minnesota and Hawaii.
The LE for an 18 year old in the USA was 59.9 years and the QALE was 52.0 years ( Table 3 ). The patterns of QALE among the states tends to resemble the pattern of QALYs, with Hawaii having the greatest LE (62.4) and greatest QALE (56.2), West Virginia having the lowest QALE (48.1) and the District of Columbia having the lowest LE (56.0). The magnitude of the percentage of QALEs lost attributed to selected risk factors between the states differed by a much greater magnitude than that of QALYs. The order of the percentage contribution of the selected risk factors to lost QALEs was similar to lost QALYs. The four risk factors contributed the highest proportion of QALE lost in Kentucky, West Virginia and Tennessee, and the least in Minnesota, Hawaii and Utah.
Discussion Main findings of this study
Our analysis showed that mean EQ-5D index scores varied on a statewide basis, with differences in EQ-5D scores between many states being considered to be clinically significant. 22, 23 The between-state standard deviation of EQ-5D scores was 0.012 and the between-county standard deviation was 0.022. Several reasons contributed to such variations. First, the prevalence of the risk factors as well as the sociodemographic composition of the population varied across states and over time. 24, 25 Second, the impact of a risk factor on individuals' health varied across geographic areas and could be modified by community-level socioenvironmental variables. 26, 27 Examining risk factors associated with adverse health outcomes, income had the greatest percentage contribution to both QALYs and QALE, but contributed more to QALE than to QALYs. This makes sense given that differences in income impact a person at a younger age (and throughout the remainder of life) than do the other risk factors or conditions. The inverse association between socioeconomic status and morbidity and mortality has been consistently observed and may be due to a variety of factors, including the availability of food, housing, medical care and other necessities. 28 -30 Smoking had less of an impact on morbidity than obesity/ overweight, but would have had a greater impact on mortality. Many studies reported that persons who quit smoking before the age of 35 have an LE similar to never smokers 31, 32 , whereas persons who continue to smoke are more likely to experience cancer and lung disease. Nevertheless, cancer and lung disease are less common than the obesity-associated conditions, such as hypertension, diabetes and heart disease, and tend to lead to death more quickly, leading to smokers having a lower LE than obese persons. 33, 34 What is already known on this topic Over the past decade, burden of disease calculations and economic evaluations have been conducted with increasing frequency in order to quantify the overall impact of modifiable risk factors associated with poor health outcomes. 5, 6 In the USA, smoking and obesity comprise the two leading causes of mortality among modifiable behavioral risk factors 31 and the inverse relationship between income and mortality is well known among sociodemographics. 35 -37 Previous analyses 5, 6 estimated total QALY lost associated with low income for the USA by linking the 1990 -1992 National Health Interview Survey to the National Death Index through the end of 1995 to estimate excess deaths. However, such an approach was limited by only having access to death index data from 1990 through 1995, the inability to calculate current estimates of the burden of disease at the state level or for trends over time, and only being able to examine a limited number of risk factors that impact health. Diseases having asthma diabetes, hypertension, heart diseases or stroke. 
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What this study adds
Our method provides a means of translating a non-utility-based measure of HRQOL to a utility-based summary measure of health in order to estimate the burden of disease at the population level as well as at the state and substate levels. Because the Healthy Days measures have been included in the BRFSS since 1993 and in the National Health and Nutrition Examination Survey since 2000, 9 converting Healthy Days measures to a preference-based measure might be particularly useful when analyzing disparities in QALYs at the state and substate levels and for small sociodemographic subgroups, estimating the impact of diseases caused by some modifiable risk factors and examining changes over time. Our method might be particularly useful in the development of health economic models that test cost-effective interventions at the population and individual levels for smoking and overweight/obesity. Examining the impact on QALYs and QALE ultimately may enable policymakers to set challenging, yet realistic, targets for Healthy People 2020 in order to reduce the number of QALYs lost among the population as well as reduce the disparities in QALYs lost among population subgroups due to these modifiable risk factors. 38 Interventions seeking to ameliorate the impact of these risk factors must be multipronged and based both on policy change and engagement of the healthcare system.
Limitations of this study
First, this analysis relies on the validity of EQ-5D estimates from the Healthy Days measures. Studies have found that different measures of HROQL do not reliably cross-walk among the full range of health states at the individual level. 12, 17, 18 Also, interpreting the results of an ecologic validation requires caution. Because measuring perceived health is less reliable, as indicated by the large variance of the Healthy Days measures, model fitting of NHMS data at the individual level is less optimal. However, we demonstrated that mean scores of the estimated EQ-5D index matched well to the true mean scores. Therefore, our estimates should have acceptable accuracy in terms of providing accurate estimated mean scores in different subgroups needed for calculating QALYs and QALEs.
Second, because of the lack of data on excess deaths attributed to each risk factor, our calculation did not account for the loss due to premature death resulting from each modifiable factor. Based on the data used by Muennig et al., 5, 6 we calculated that the total QALY lost was approximately 17.6% more than the annual QALY lost to poverty. Therefore, we do not expect that adding QALY lost in future life years will change our results significantly across states, particularly when our results were in proportions.
Third, methodologists continue to refine the summary measures of population health 39 and because HRQOL cannot be directly observed and has been derived from different approaches, ambiguity exists with regard to how to demonstrate the instrument's validity. 40 Furthermore, external validity may be limited due to measures of HRQOL being inadequate or non-comparable among certain subpopulations in the USA as well as between the US general population and populations abroad. 41 Finally, although summary measures of population health, such as QALYs, provide an overall snapshot of health, these measures present complex methodologic, ethical and political challenges. 39 In conclusion, our analyses would enhance existing work and complement the development of the new blueprint for the nation's health, Healthy People 2020, 1 by providing utility scores and information on the burden of disease at the national, state and substate levels as well as over time. These data would serve as a first step in enabling both a more explicit understanding and prioritization of a set of health risks and the cost-effectiveness of policies or interventions Diseases having asthma, diabetes, hypertension, heart diseases or stroke.
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used to reduce such risks. 3, 42, 43 Additionally, linkages between specified determinants of health outcomes would be highlighted and enable quantifiable targets for improving overall health and reducing health disparities to be constructed for the nation and for population subgroups. 2 Application of our method would enable the impact of interventions at the clinical and community levels to be examined on state and substate levels as well as over time.
